In order to improve survival rate of patients suffering from sudden cardiac arrest, it is very important to develop high accurate and quick recognition algorithm for shockable electrocardiogram (ECG). In this paper, we propose a new ECG recognition algorithm based on some features which are derived by analyzing ECG signals via wavelet transform, and evaluate useful feature parameters by a feature selection approach.
Introduction
It is well known that one of important public health problems in modern societies is sudden cardiac deaths, and the majority of sudden cardiac deaths are the fatal arrhythmias such as Ventricular Fibrillation (VF) and Ventricular Tachycardia (VT) [1] . It is said that there are 50,000 cases of sudden cardiac arrests in Japan annually and 350,000 in NA [1, 2] , and that onsite emergency first aid treatment is critical for resuscitation. Especially, most sudden cardiac arrests result from VF, and this is a rapid and unsynchronized heart rhythm starting in the heart's lower pumping chambers (the ventricles) [3] . The heart must be "defibrillated" as soon as possible, because a victim's chance of surviving drops by 7-10 %/min., and a normal heartbeat isn't restored [3] . In order to improve survival rate of patients suffering from sudden cardiac arrests, the chain of survival which is defined as early access, early cardiopulmonary resuscitation (CPR), early defibrillation, and early advanced care is very important. In particular, early defibrillation is a key role to survive the victims [4, 5] . Note that Sinus Rhythm (SR) and Pulseless Electrical Activity (PEA) are nonshockable ECG, and VF and VT are shockable one. Therefore American Heart Association (AHA) has recommended the timely and widespread deployment of Automated External Defibrillators (AEDs) [7] . In fact, early defibrillation, regardless of the type of provider (bystander or emergency-medical-services personnel), was associated with a good neurologic outcome after a cardiac arrest with ventricular fibrillation [6] .
By the way, one can see that AEDs are typically placed in public areas such as airports, universities and so on, where large numbers of people gather, and their locations should be clearly marked for quick access. AEDs analyzes victim's ECG (heart rhythm) and recognize whether a defibrillation (electrical shock) is needed. Namely, one can see that the recognition performance of AEDs is of great importance. In other words, quick and reliable recognition performance for analysis algorithms is indispensable. Therefore, there is a large number of detection algorithms for victim's ECG, and various strategies have been presented, such as VF-filter [8] , fuzzy inference based discrimination algorithm [9] , spectral analysis [10] , Hilbert transform based detection algorithm [11] and so on. Oya et al. [13] have proposed a detection algorithm based on wavelet transform, and their algorithm achieves good performance for ventricular arrhythmia. However in these existing results, PEA has not been considered. In addition, although a detection algorithm based on spectrum features has been presented by Oya et al. [14] , the detection performance and/or calculation time for recognition should be improved. Namely accurate, quick and reliable detection of shockable arrhythmia has not been achieved sufficiently, and thus the improvement of both the detection performance and calculation time for recognition are required as soon as possible.
In this paper, we propose a new ECG recognition algorithm based on wavelet transform, and extract some feature parameters which reflect the recognition performance. The proposed recognition algorithm is composed of two parts. Firstly, the proposed algorithm checks whether the ECG is SR or not, and next shockable ECGs (VF and VT) are recognized. In this paper, the performance of the proposed recognition algorithm is evaluated, and the calculation time is also discussed. The recognition algorithm developed in this paper is very useful, because it can achieve good recognition performance comparing with the existing results [14] . Namely, the principal benefit in this pa- per is that the recognition performance and the calculation time can be improved comparing with the exiting result [14] and selection method for efficient feature parameters are shown. This paper organized as follows. In Section 2, we show ECG signals which are used in this study. Moreover feature parameters for ECG signals and feature selection are shown in Section 3, and Section 4 is our main result. A new recognition algorithm based on derived feature parameters is presented. Finally, we give conclusion and future works.
Notations: For a vector z r (r = 1, · · · , S) with an appropriate dimension, z r represents the mean vector of z r , i.e. z r means
Moreover, for a matrix A which has an appropriate dimension, A −1 and A T represent its inverse and its transpose, respectively. For a set Ψ, its complementary set is denoted by Ψ C . The symbols " " and " =" are symmetric blocks in the matrix representation and mean equality by definition, respectively. 
Electrocardiogram (ECG) and Analysis Result Based on Wavelet Transform
It is welll known that there are the following 5 types of ECG signals;
Here we show each ECG waveform for SR, PEA, VF and VT, respectively (see Figures 1 -4 ). Asystole is defined as a cardiac arrest rhythm in which there is no discernible electrical activity on the ECG monitor, and Asys is sometimes referred to as a flat line, i.e. Asys can easily be detected. Thus in this paper, we deal with these four types (SR, PEA, VF and VT) of ECGs only. Now there are well-known database such as AHA [16] , MIT-BIH[17] and CU [18] . Moreover, in this pa-per, ECG data corrected by "ECG data correction system" which is running at trauma and critical care center of Kyorin University Hospital (see [13, 14] ) can also be used. Additionally, we introduce the following analysis conditions which are adopted in the work of Oya et al. [14] for the ECG data * ;
• Data length is 5.0 [sec].
• The amplitude is larger than 0.1[mv].
• The frequency band width considered here is
In order to analyze ECG signals of patients suffering from sudden cardiac arrest, Gabor Wavelet Transform (GWT) [13] - [15] are adopted in this paper. The analysis results (Scalogram) for VF, VT, SR and PEA based on GWT are shown in Figures 5 -8 , respectively. One can easily see that for VF and VT, the variations of the peak frequency in scalogram is small comparing with PEA. Note that these results can be obtained by applying a high-pass filter with a cut-off frequency of 0.5[Hz] to the original ECG signal. In this paper, on the basis of these analysis results, we extract some feature parameters for each type of ECGs.
Feature Parameters and Their Selection
In this section, firstly the feature parameters for ECG signals are shown and next, some feature parameters which reflect the recognition performance are extracted.
Feature Parameters
In order to develop a new ECG recognition algorithm, we adopt similar feature parameters which are shown in the existing results [13] - [15] and some new feature one. As pointed out in [14] , NSI(k) (Normalized Spectrum Index) [13] and SDW(k) (Scale Distribution Width) [14, 19] play important roles for recognition of ECGs. Examples for NSI(k) and SDW(k) are shown in Figures 9 and 10 , respectively. Note that NSI(k) and SDW(k) can be calculated by using scalogram. Tables 1 and 2 show the adopted feature parameters which are calculated by using NSI(k) and SDW(k). Although most of feature parameters are fundamental statistics value for NSI(k) and SDW(k), EBI s(k) for the signal s(k) is defined as
In (1), N denotes the number of time sample, and s(k) corresponds to NSI(k) or SDW(k) in this paper. In addition to above mentioned feature parameters shown in Table 1 and 2, we introduce the following feature parameters; 
where f P (k) means time series data for the peak frequency in scalogram and j (j = 1, · · · , 100) means the sample number for the frequency sample, i.e. the sampling interval is 1.0 × 10 −1 in this paper. Moreover in (3), f (k) j denotes the frequency for the j-th frequency element at the time sample k and P W (k,j) is the parameter defined as
where P W (k,j) is the normalized power in the scalogram and P is a threshold value for the normalized power. Note that the parameter P is selected as 7.5×10 −1 in this paper.
Selection of Feature Parameters
There are 19 feature parameters in Tables 1 and 2 Figure 4 parameters were adopted in the existing results [13] - [15] . However, there is the following question;
Question
"Which feature parameters are effective or not?" In order to evaluate the effectiveness for each feature parameter, we check the contribution ratio for recognition by using the concept of Mahalanobis distance [14, 15] . The proposed recognition algorithm consists of two stages ( i.e. Stage 1) and Stage 2) ) as similar to the existing result [14] . In this paper, by applying the concept of Mahalanobis distance to ECG signals, the effective feature parameters are extracted, and selected feature parameters in each stage are summarized as follows; In this paper, we select top two parameters which achieve more smaller values for the average and the variance for Maharanobis distance. Consequently, in Stage 1), feature parameters for NSI(k) are adopted, and the next parameters derived by using NSI(k) and SDW(k) are utilized. , respectively. Additionally, by calculating covariance matrices Σ SR ∈ R 2×2 and Σ SR C ∈ R 2×2 , Mahalanobis Distances [15] can be computed as
Therefore, the victim's ECG is recognized by using Dist 
and by using Dist 2 DC and Dist 2 DC C , we can decide whether the victim's ECG is "Shockable" or not.
As a result, the following ECG recognition algorithm is developed;
A NEW ECG RECOGNITION ALGORITHM 7 . The victime's ECG signal is "Nonshockable" (SR).
8 . The victime's ECG signal is "Shockable" (VF or VT).
9 . The victime's ECG signal is "Nonshockable" (PEA).
Performance Analysis of the proposed recognition algorithm
In order to evaluate the performance of the proposed recognition algorithm, we adopt a similar way to K-fold cross validation [14, 20] . As a total, we have 1,144 (=Z total ) samples (SR (Nonshockable) : 552 (=Z SR total ), PEA (Nonshockable) : 299(=Z PEA total ), Shockable (VF and VT) : 293 (=Z DC total )). For Z total samples, T samples are used for training and the left out Z total − T samples are used for testing. As shown in the existing result [14] , in this paper, T samples are also selected randomly for each type of ECG signals.
Namely, we have run 4 times validation, denoted by Class 1) -Class 4), and then mean vectors and covariance matrices in each class are derived as; 
Conclusion and Future Works
In this paper, we have proposed a new recognition algorithm for ECG signals for patients suffering from sudden cardiac arrest. In order to develop the proposed algorithm, some feature parameters which reflect the recognition performance have been selected by using the concept of Mahalanobis distance, i.e. the efficient parameters can be extracted. The proposed algorithm is very useful, because it can achieve good performance and quick recognition comparing with the existing result [14] . Our future research subjects to be solved are the improvement of recognition performance and reduction of the computation time. Moreover, we extend the proposed algorithm to some cases such as the case that patient's sinus rhythm was resumed, nonsustained ventricular tachycardia (NSVT), and so on.
